Road traffic crashes affect the society as a whole both emotionally and economically and are 3 rightfully recognized as a national health problem (1; 2). In reducing the undue burden of road 4 crashes and their consequences, road safety literature is focused on devising both proactive and 5 reactive safety management policies at the user, system and/or planning level through evidence-6 based and data-driven strategies. Crash frequency analysis, specifically macro-level crash models, 7 is a major component for devising and evaluating these road safety policies at a planning level. 8
Macro-level studies have mostly evolved in safety research to incorporate safety considerations 9 within the transportation planning process. The outcome of these models is also useful to devise 10 safety-conscious decision support tools to facilitate a proactive approach in assessing medium and 11 long-term policy based countermeasures. The current research effort contributes to the safety 12 literature methodologically and empirically with specific focus on macro-level crash frequency 13 analysis. 14 Econometric approaches of developing crash prediction models in safety literature are 15 dominated by traditional count regression frameworks (Poisson and negative binomial (NB) 16 models) in univariate modeling systems (see (3-5)). These studies identify a single count variable 17 for different crash attribute levels (road user group, crash severity, crash types, or vehicles types) 18
for a spatial unit and study the impact of exogenous variables. However, as documented in 19 literature, crash counts across different attribute levels are likely to be dependent for the same 20 observation resulting in a multivariate crash event set (6). Ignoring such correlation, if present, 21 may lead to biased and inefficient parameter estimates resulting in erroneous policy implications 22 (7; 8). To that extent, road safety researchers and analysts have estimated multivariate count 23 models to produce more accurate predictions (see (9) for a detailed list of these studies). 24
It is beyond the scope of this paper to provide a comprehensive literature review on 25 multivariate crash count models. For a detailed review of multivariate frameworks employed in 26 safety, the reader is referred to recent review studies (3; 10; 11). Within the multivariate scheme, 27 studies have predominantly explored crash counts by severity outcome levels and by crash types. 28 However, multivariate crash event set may also arise when examining crash occurrences by 29 different road user groups involved in crashes. In fact, studies have recognized this and developed 30 multivariate crash count models for different road user groups involved in crashes -for pedestrian 31 and bicyclists (12; 13), for vehicle types (14), for travel modes (15). 32
In these studies, the general trend is to focus entirely either on motorized road user group 33 or on non-motorized road users (except (15)). However, both of these road user groups share the 34 same travel environment within a spatial planning unit over a specific given period of time. 35 Therefore, it is possible that the same set of observed and unobserved factors influence crash 36 occurrences of these two different road user groups. For instance, higher number of uncontrolled 37 intersections (usually observed to analysts) at a zonal level are likely to result in higher number of 38 vehicular conflicts as well as higher number of pedestrian/bicyclists involved crashes. At the same 39 time, if a zone has higher proportion of blind spots at intersections (usually unobserved to analyst) 40 it may contribute to higher crash events involving both motorists and non-motorists. Therefore, it 41 is important to examine crash events as a joint process considering both of these road user groups 42 simultaneously. Further, while analyzing motorized road user groups, recognizing the implicit 43 differences between various motorized vehicle groups is very useful. The focus of our study is to propose and estimate a copula-based multivariate NB modeling 44 framework (see (22; 28) for a detailed background on copula-based models and see (27) for a 45 description of multivariate NB framework). The econometric framework for the joint model is 1 presented in this section. 2
Let us assume that be the index for STAZ ( = 1,2,3, … , ) and be the index for 3 crashes occurring over a period of time in a STAZ ; ( = 1,2, … , , = 5) be the index to 4 represent road user group for the multivariate case examined. In this empirical study, takes the 5 value of 'car' ( = 1), 'light truck' ( = 2), 'van' ( = 3), 'other motorized vehicle' ( = 4) 6 and 'non-motorist' ( = 5). The NB probability expression for random variable can be written 7 as: 8
where, Γ(•) is the Gamma function, is the NB dispersion parameter specific to road user group 9 and is the expected number of crashes occurring in STAZ over a given period of time for 10 road user group . We can express as a function of explanatory variable ( ) by using a log-11 link function as:
where is a vector of parameters to be 12 estimated specific to road user group . 13
The correlation or joint behavior of random variables 1 , 2 ,… are explored in the 14 current study by using a copula-based approach. A copula is a mathematical device that identifies 15 dependency among random variables with pre-specified marginal distribution ( (22) 
The joint distribution (of uniform marginal variable) in equation 2 can be generated by a 23 function (. , . ) (30), such that: 24
where, (. , . ) is a copula function and is the dependence parameter defining the link between 25 1 , 2 , … . In the case of continuous random variables, the joint density can be derived from 26 partial derivatives. However, in our study, are nonnegative integer valued events. For such 27 count data, following (26), the probability mass function ( ) is presented (instead of continuous 28 derivatives) by using finite differences of the copula representation as follows: 29
The reader would note the probability in Equation 4 is written in terms of 2 copula 1 evaluations (see (31; 32) for a similar derivation). The number of computations increases rapidly 2 with the number of dependent variables ( ), but this is not much of a problem when the dependent 3 variable number is 6 or less because of the closed-form structures of the copula function 4 evaluation. Given the above setup, we specify 1 ( 1 ), 2 ( 2 ) … ( ) as the cumulative 5 distribution function (cdf) of the NB distribution. The cdf of NB probability expression (as 6 presented in Equation 1) for can be written as: 7
Thus, the log-likelihood function ( ) with the joint probability expression in Equation 5 8 can be written as: 9
In the current empirical study, we employ Archimedean copulas that span the spectrum of 10 different kinds of dependency structures including Clayton, Gumbel, Frank, and Joe copulas (see 11 (22) for graphical descriptions of the implied dependency structures). Archimedean copulas, in 12 their multivariate forms, allow only positive associations and equal dependencies among pairs of 13 random variables. The parameters are estimated using maximum likelihood approach. The model 14 estimation is achieved through the log-likelihood functions programmed in GAUSS. 15 16 DATA DESCRIPTION 17 18 Our study area includes the state of Florida with 8,518 STAZ. Similar to the rest of the North-19
American transportation trends, the ethos of travel in Florida is also predominantly auto-oriented. 20
The state has nearly 100,000 more crashes in 2015 than in 2011 with higher number of non-21 motorist fatalities (33). These numbers clearly signify that it is important to identify critical factors 22 contributing to road traffic crashes at a planning level for all road user groups to improve overall 23 road safety situation. The empirical analysis involves estimation of four different multivariate count models including: 6 1) Clayton, 2) Gumbel, 3) Frank, and 4) Joe copulas. We also estimate an independent copula 7 model (separate NB models for crash counts involving different road user groups) to establish a 8 benchmark for comparison. A comparison exercise is undertaken to identify the most suitable 9 copula model (including the independent copula model). The alternative copula models estimated 10 are non-nested and hence cannot be tested using traditional log-likelihood ratio test. We employ 11 the Bayesian Information Criterion (BIC) to determine the best model among all copula models 12 (12; 21; 29; 32 In presenting the effects of exogenous variables in the multivariate model specification, we will 11 restrict ourselves to the discussion of the Gumbel Copula specification. The estimation results of 12 the multivariate (Gumbel Copula) model are presented in Table 2 Dependence effect: As indicated earlier, the estimated Gumbel copula-based multivariate 30 NB model provides the best fit in incorporating the correlation among different road user groups' 31 crash count events. An examination of the copula parameter presented in the last row panel of 32 Table 2 highlights the presence of common unobserved factors affecting zonal level crash counts 33 of different road user groups considered in current study context. For the Gumbel copula, the 34 dependency is entirely positive and the coefficient sign and magnitude reflects whether a variable 35 increases or reduces the dependency and by how much. The proposed framework by allowing for 36 such correlation allows us to improve data fit. 37 38
Predictive Performance Evaluation and Policy Analysis 39 40
In an effort to assess the predictive performance of the estimated models (Gumbel copula and 41 independent models), we also perform computation of several in-sample goodness-of-fit measures. 42
To evaluate the predictive performance of these models, we employ two different fit measures: 43 mean prediction bias (MPB) and mean absolute deviation (MAD) both at the aggregate and 44 disaggregate level (see (10) for a discussion on computing these measures). At the 45 aggregate/disaggregate level, the computed values of MPB (MAD) for copula and independent 46 models are 4.890 (9.071)/24.448 (45.356) and 9.529 (15.019)/47.645 (75.096), respectively. The 1 resulting fit measures for comparing the predictive performance clearly indicate that multivariate 2 copula count model offers superior predictions compared to independent count model both at the 3 aggregate and disaggregate levels in the current study context. 4
The parameter effects of exogenous variables in Table 2 do not directly provide the 5 magnitude of the effects on zonal level crash counts across different road user groups involved in 6 crashes. For this purpose, we compute aggregate level "elasticity effects" for all the exogenous 7 variables by using the Gumbel copula model estimates. We investigate the effect as the percentage 8 change in the expected total zonal crash counts across different road user groups due to the change 9 in exogenous variable. Road user group specific elasticities would allow us to identify policy 10 measures targeting each group separately. However, it might also be useful in identifying 11 contributions of exogenous variables on total crashes considering contributions from all count 12 components. Total and group specific elasticity effects would allow us to prioritize the safety 13 improvement programs based on the level (all groups need attention in a specific area) and type (a 14 specific group needs attention in a specific area) of safety issues. Therefore, we also present the 15 overall total crash elasticities in our current study. Total crash elasticities are computed by 16 considering the change in exogenous variables across all count components simultaneously. 17 The computed elasticities are presented in the first row panel of Table 3 (see (41) for a 18 discussion on the methodology for computing elasticities). In calculating the expected percentage 19 change of crash counts, we increase the value of variables by 10% for each STAZ. The numbers 20
in Table 3 may be interpreted as the percentage change in the expected total zonal crash counts 21 due to the change in exogenous variable. For instance, the elasticity effects for shopping centers 22 in car model for in-sample data indicates that, the expected mean car crashes will increase by 23 3.074% with an increase in 10% of shopping centers. To emphasize policy repercussions based on 24 most critical contributory factors, we also rank each variables based on their contribution in 25 increasing the elasticity effects -with 1 as the highest contributor and 14 as the lowest contributor 26 across different variables considered. The results of this ranking is presented in second row panel 27
of Table 3.  28 The following observations can be made based on the results presented in Table 3 . First, 29 the most significant variable in terms of increase in the expected number of crashes across all road 30 user groups is AADT, which is also the most important contributor for overall road traffic crashes. 
